ABSTRACT In this paper, we proposed a decentralized cooperative lane-changing decision-making framework for connected autonomous vehicles, which is composed of three modules, i.e., state prediction, candidate decision generation, and coordination. In other words, each connected autonomous vehicle makes cooperative lane-changing decision independently. In the state prediction module, we employed existing cooperative car-following models to predict the vehicles' future state. In the candidate decision generation module, we proposed incentive based model to generate a candidate decision. In the candidate decision coordination module, we proposed an algorithm to avoid candidate lane-changing decision that may lead to a vehicle collision or traffic deterioration to be final decision. Moreover, the effects of decentralized cooperative lane-changing decision-making framework on traffic stability, efficiency, homogeneity, and safety are investigated in a numerical simulation experiment. Some stability, efficiency, homogeneity, and safety indicators are evaluated and show the high potential of our proposed framework in traffic dynamics.
I. INTRODUCTION
A connected environment in which vehicles communicate with the surrounding infrastructures and other vehicles is becoming a reality. The connected vehicle can capture and report neighboring vehicles' traffic conditions by relying on bidirectional communication equipment and sensors. Connected vehicle technologies promise cooperation among vehicles and will provide abundant, real-time information regarding these vehicles. Their influence is twofold as follows: (1) at a macroscopic level, the proposed connected vehicle technologies can improve traffic stability, efficiency, safety and energy consumption and (2) at a microscopic level, both vehicle dynamics and driving strategies are changed. In the meantime, autonomous vehicles develop rapidly to execute driving behavior automatically and accurately. However, autonomous vehicles rely solely on on-board sensors based on cyber-physical sensing technologies, which imposes restrictions on sensing scope of vehicles. Thus, connected autonomous vehicles (CAVs) are potentially one of the most transformational technologies introduced to transportation in decades, presenting new opportunities for both vehicle technologies and transportation business models. Therefore, modeling car-following and lane-changing behavior for CAVs and investigating its effect on traffic flow have become fundamental topics within the traffic theory community. However, existing related researches mainly focus on car-following behavior and ignore lane-changing behavior relatively, especially the issues about lane-changing decision-making. To determine when and where is optimal to change lane for CAVs, at a microscopic level, we proposed a decentralized cooperative lane-changing decision-making framework (DCLDF) for CAVs. DCLDF is composed of state prediction module, candidate decision generation module, and candidate decision coordination module. In candidate decision generation module and candidate decision coordination module, we present novel incentive based model and collision avoidance coordination algorithm respectively to determine corresponding decision. Effects of DCLDF on traffic stability, efficiency, homogeneity and safety are investigated in a mathematical simulation experiment. The simulation results show the high potential of DLCDF in traffic dynamics.
The remainder of this paper is organized as follows: Section 2 describes the related work. The proposed DCLDF are presented in detail in section 3. In section 4, the numerical simulation experiment design is discussed, and the results are analyzed. The conclusions and future studies are presented in the final section.
II. RELATED WORK
Several papers have examined the connected vehicle environment by considering more than one vehicle ahead or behind a particular vehicle in car-following models. To increase roadway traffic mobility, Ge and Orosz [1] proposed an acceleration-based connected cruise control (CCC) theory, which used acceleration signals from multiple vehicles ahead via wireless vehicle-to-vehicle (V2V) communication.
Monteil [2] proposed a multi-anticipative cooperative law, which introduced state information (headway, speed, etc.) of multiple preceding vehicles into the full velocity difference model (FVDM) and was coupled with a lane-changing model, known as MOBIL (minimizing overall braking induced by lane change). Based on the multi-anticipative cooperative law, the Intelligent Driver Model (IDM) was adapted to V2X (vehicle-to-vehicle, vehicle-to-infrastructure) communication by Guériau et al. [3] . In these models, weighted information of cooperative vehicles and embedded sensor failures were also considered. Studies have shown that these improved models, which considered the information from surrounding vehicles, have contributed to traffic stability and homogeneity.
A research on cooperative lane-changing rules in a connected environment is relatively scarce compared to research on car-following because of the complex movements involved [4] . Car manufacturers, such as Volvo, Ford, and Audi, have conducted studies on lane change warning systems (LCWS) capable of determining whether other vehicles are present in the blind spot of a vehicle [5] - [7] . Dang et al. [8] improved LCWS by analyzing the safe distances between a vehicle and four surrounding vehicles, with the four vehicles following, preceding, or being adjacent to the subject vehicle (in the target lane). In a study by Ammoun et al. [9] , a polynomial model was proposed to predict the trajectory of lane-changing and, thus, analyze the risk of collision between the subject vehicle and its neighboring vehicles.
The models for LCWS are mainly concerned about the safety of the subject vehicle but tend to ignore the effect of lane-changing on neighboring vehicles and the traffic flow. Wang et al. [10] proposed a centralized cooperative lane change (CLC) strategy between the subject vehicle and two vehicles in the target lane, which followed or preceded the subject vehicle. The objective of the CLC strategy was to reduce the impact of the lane-changing process on the following vehicle. The problem of lane-changing decision-making for CAVs is formulated as a differential game, which takes the acceleration of the preceding and following vehicles into consideration to optimize the joint cost [11] , [12] . The game theoretic approach was employed to endogenously account for the flow of information in a connected vehicle environment, and the proposed lane change model could evaluate whether a lane change was beneficial through the acceleration of both the subject vehicle and its four surrounding vehicles [13] . The above-mentioned studies have proven that a cooperative environment allows for more sensible lane-changing decisions. However, it is of worth to mention that existing cooperative lane-changing decision-making strategies consider the interaction of, at most, four neighboring vehicles. This incomplete information is not necessarily applicable to a real-world connected vehicle environment. In the aforementioned cooperative car-following models, it is possible to consider an increased number of vehicle interactions during the lane-changing process. Accordingly, this will increase the dimensionality of the control problems and the computational load. For the cooperative control of a large group of connected vehicles, centralized communication and optimization are not feasible in practice. Distributed algorithms need to be designed for the real-time implementation [14] . 
III. DECENTRALIZED COOPERATIVE LANE-CHANGING DECISION-MAKING FRAMEWORK A. DECISION MECHANISM DESIGN ASSUMPTION
In this study, each vehicle is assumed to be a CAV that makes decisions independently depend on the driving conditions of its surrounding interacting vehicles and itself. As shown in Figure 1 , we define the surrounding interacting vehicles as vehicles driven in the target vehicle's current lane and adjacent lanes within the subject vehicle's communication range. The subject vehicle, its leading vehicle and following vehicle are denoted with ''SV'', ''LV'' and ''FV'' respectively.
The target lane of SV is denoted with ''T ''. The putative leading vehicle and following vehicle of SV in T is denoted with ''PLV'' and ''PFV'' respectively. In addition, our study is based on the following two assumptions:
(1) The CAV always receives relevant information from the surrounding vehicles in time, without any communication time latency.
(2) The lane-changing execution process is considered as an instantaneous behavior. Therefore, at a microscopic level, we mainly investigate and analyze longitudinal motion, and any acceleration (deceleration) mentioned in the ensuing chapters refers to longitudinal acceleration. Figure 2 shows a schematic representation of DCLDF for CAV (the gray rectangle) which is composed of three core modules: state prediction module, candidate decision generation module, and candidate coordination module. The system state is represented by the positions, accelerations and speeds of CAV and its surrounding interacting vehicles. The current system state information is passed to the state prediction module via V2V communication. The state prediction module employs a cooperative car-following model to predict the following state of related vehicles, with the current system state as the initial state. In the candidate decision generation module, based on the system state prediction results, the optimal decision variable is determined to optimize the advantage, which reflects undesirable and desirable situations and forms the candidate decision, i.e., lane-changing or lane-keeping. Once the candidate decision is generated, the candidate decision is broadcasted to the surrounding interacting vehicles by the candidate decision generation module immediately. After the candidate decision coordination module receives the candidate decision from its surrounding interacting vehicles, the candidate decision of CAV is coordinated, and the final decision is determined. The final decision is broadcasted to the surrounding interacting vehicles again and is automatically executed by the vehicle's low-level propulsion, braking, and steering systems. As the vehicle moves, the system state changes, and the optimal decision signal is recalculated with the updated system state information at regular time intervals. In the following, we detail the three core modules in DCLDF.
B. STATE PREDICTION MODULE
In the state prediction module, we adopt a modified form of FVDM for connected vehicle environment proposed by Monteil et al. [2] to predict the state of related vehicles in the next regular time intervals. In this article, we call the modified FVDM cooperative FVDM, denoted C-FVDM. The model formulation is as follows:
where a n represents the acceleration of vehicle n, and v n represents the velocity of vehicle n. v n+i and x n+i denote the relative velocity and the headway, respectively, between vehicle n + i and its leading vehicle n + i + 1. (r i ) 0≤i≤m and (u i ) 0≤i≤m are proximity coefficients that define the intensity of the interaction between a vehicle n and its preceding vehicles (numbered 0 to m) within its communication interaction range. For simplicity, the same weights are assigned to the relative velocity and headway, namely (r i = u i ) 0≤i≤m .
As noted in previous studies, the instability condition for cooperative traffic is The cooperation between vehicles reduces the size of the unstable region in the parameters' space, which is formally proven with linear or even weakly non-linear stability analyses. The meanings of remaining parameters are shown in Table 1 . The mathematical details of this property can be found in [15] - [17] . VOLUME 4, 2016
C. CANDIDATE DECISION GENERATION MODULE
The specific method of how each vehicle generates its candidate decision is detailed in the following section.
To model the decentralized cooperative lane change decision-making behavior, the candidate decision module must accommodate information from multiple surrounding vehicles. The candidate decision generating model formulation of subject vehicle sv is defined as follows:
Subject to U(sv, C, T ) > a th (8) a sv ,ā t ≥ −a safe (9) where The computation for U (sv, C, T ), i.e., the right section of equation (5), can be explained as follows: the first term is the advantage for subject vehicle sv if it changes to the target lane. The second term, which includes the politeness factor p, considers the influence of lane-changing on the subject vehicle's putative following vehicles in the target lane within communication range. The second term aims to reduce unnecessary and aggressive lane-changing behaviors that may disturb or destroy traffic stability. The computed resultā t − a t is always non-positive; therefore, its minimum value represents the greatest influence from the lanechanging behavior. The third term, with the benefit factor q, denotes the velocity increases of the following vehicles in the current lane because of the subject vehicle's potential lane change. This third term encourages lane-changing behaviors with positive effects on traffic efficiency. The computed result a c − a c is non-negative, therefore, we choose its maximum value.
If inequalities (8) and (9) are both satisfied, based on formula (7), T with the greatest value of U (sv, C, T ) in the set is selected as the candidate target lane TS and the corresponding candidate decision is lane-changing. Otherwise, the candidate decision is lane-keeping.
In inequality (8) , a th is a switching threshold that determines whether the overall advantage of the lane-changing behavior is greater than lane-keeping. Inequality (9) is a safety criterion constraint that guarantees that the subject vehicle and the vehicles in set N T are safe. a safe is a given safety deceleration and should be well below the maximum possible deceleration a max . Therefore, inequality (9) prevents not only collisions between vehicles in the target lane but also in the emergent or extreme case that vehicles brake with maximum deceleration. Additionally, using the minimum operator in the third term and the maximum operator in the fourth term, the parameters in equation (5), inequality (8) and inequality (9) can be inherited from the initial MOBIL strategy [18] .
D. CANDIDATE LANE-CHANGING DECISION COORDINATION MODULE
Considering the complexity of the interaction between the subject vehicle and its surrounding vehicles, after subject vehicle and its surrounding interactive vehicles have generated respective candidate lane-changing decision, a coordination strategy to avoid conflict situations lead by lane change has to be used by subject vehicle to make the final decision. The objective of coordination algorithm we proposed in this section is to avoid the following conflict situations: one vehicle leaves and enters a certain lane frequently, which decreases the vehicle ride comfort significantly; multiple vehicles enter the same gap, and their locations of entry are too close; and two vehicles change lanes at the same time, and one lane-changer putatively acts as the preceding or following vehicle for the other lane-changer. The specific candidate lane-changing decision coordination algorithm is described with pseudocode in detail as follows:
IV. SIMULATION AND RESULTS

A. NUMERICAL SIMULATION EXPERIMENT DESIGN
The simulation is run for two scenarios on MATLAB. The first does not involve an on-ramp, whereas the other has an on-ramp in the rightmost lane. Hereafter, the two scenarios are referred to as scenario 1 and scenario 2. state of traffic flow would soon be reached. To avoid this phenomenon, heterogeneity is introduced by employing two types of vehicles with different desired velocities. One group's velocity is uniformly distributed from 80 feet/second to 120 feet/second, and the other group is uniformly distributed from 52 feet/second to 79 feet/second. The first group with fast speed accounts for 20 percent and the second group with slow speed accounts for 80 percent. For comparison, simulations are conducted with different driver behavior model combinations are used for lane-changing and car-following behavior of vehicle in simulations. As Table 2 shows, these driver model combinations include MOBIL and FVDM, MOBIL and C-FVDM, and DCLDF and C-FVDM, which are denoted combination 1, combination 2 and combination 3, respectively. These combinations are applicable to situations without cooperation on both car-following and lane-changing behavior, with cooperation on car-following behavior and without cooperation on lane-changing behavior, with cooperation on both car-following and lane-changing behavior respectively. For the simulation, the value of related model parameters are inherited from [2] and [18] and shown in Table 3 . The technical maximum radio interaction range is approximately 750 feet [2] , but we set the interaction range to 600 feet to communicate and exchange information more reliably.
B. RESULTS ANALYSIS
The effects of different driver model combinations on traffic stability, efficiency, homogeneity and safety are evaluated in the numerical simulation experiment. Figure 3 and 4 show spatiotemporal trajectory diagrams of the rightmost lane for two simulated scenarios based on combination 1, combination 2 and combination 3. The color represents the speed of a certain vehicle at a certain timespace position. The larger the color value, the faster the vehicle's speed. Here, the results of a simulation during a period of 300 second are presented. From Figure 3 (a) and 4(a), we observe that some stop-and-go waves are created with combination 1. This can be explained by the fact that the linear stability condition presented in equation (8) is neglected, as this condition is difficult to satisfy without cooperation. In addition, the heterogeneity of vehicle units and the frequent lane-changing behaviors under linear instable conditions easily incur perturbations that propagate downstream. From Figure 3 (b) and 4(b), it is obvious that cooperative car-following rules reduce, or even eliminate, the generation of shock waves. We observe in the simulation that the cooperative car-following rule visibly increases the homogeneity of vehicles. From Figure 3 the fact that the coordination between multi-forward vehicles has been considered in the longitudinal acceleration. However, the improvement of traffic efficiency is not obvious in Figure 3 (c) and Figure 4(c) .
Moreover, the entire road is divided into several adjacent sub-sections, each one 100 feet in length. From Figure 5 , it can be found that the lane-changing time of combination 2 is approximately half that of combination 1 in the corresponding sub-section of the road. Similarly, the lane-changing time of combination 3 is half that of combination 2 in the corresponding sub-section of the road. Generally, the higher the lane-changing frequency, the weaker the traffic flow stability. Thus, we can conclude that traffic flow stability is stronger with combination 3 than with the other two combinations. A relevant measure of homogeneity G d has been proposed in [3] and quantifies a group disagreement value, i.e., the variance of speeds for each vehicle's local neighborhood. Thus, the index G d seems to be a relevant measure of homogeneity. A G d value of 0 represents a perfect homogeneous flow. Figure 6 shows that the group disagreement values are reduced more using combination 3 than using combination 2. This suggests that introducing cooperation for lane-changing decision (within Figure 7 represents the relationship between mean velocity and density, which reflects the traffic efficiency. From Figure 6 , we can see that the traffic efficiency throughout the entirety of the simulation improves a little with combination 3 compared to combination 2, but improves significantly compared to combination 1. In summation, compared to combination 2, combination 3 improves traffic stability and homogeneity without sacrificing traffic efficiency.
Finally, we would like to emphasize the contribution of cooperation in improving time to collision (TTC), which was defined as the ratio of the headway to relative velocity between a vehicle and its leader in [19] . Fig. 8 displays the simulation results and suggests that DCLDF has a positive impact on the TTC distribution of traffic flow. Similarly, the improvement of TTC from Combination 2 to Combination 3 is not obvious compared with the improvements of TTC from Combination1 to Combination2. In a word, DCLDF can contribute to improving traffic safety potentially
V. CONCLUSIONS
This work outlines the potential of cooperative lane-changing decisions based on V2V communication to improve traffic stability, homogeneity, and efficiency and reduce traffic congestion. The proposed lane-changing decision model is consistent with MOBIL in its model formulation and does not require additional parameters to be calibrated. Thus, all parameters are inherited from MOBIL.
However, we also found that, in the two scenarios, the improvement in the traffic efficiency from combination 2 to 3 is not significant compared to the improvement of combination 1 to 2 as follows: freeway sections with and without an on-ramp. Therefore, some aspects of our decentralized cooperative lane-changing decision model still need to be improved. As this work focuses on the development of a general framework for decentralized cooperative lane-change decision-making, the cooperative car-following model (C-FVDM) used in the framework is relatively simple. The performance of our proposed lane-changing decision-making framework can be improved by integrating more elaborate cooperative car-following models. Communication latency or sensing faults were ignored and will be considered in future work. Additionally, if the lane-changing execution process is not considered immediate, it may have a different impact on traffic flow homogenization. Collecting field data from a cooperatively equipped fleet of vehicles is also needed in the future to design relevant control strategies and validate the importance of these new technologies.
